This work studies trends in income distributions and inequality in the European Union using data from the European Union Statistics on Income and Living Conditions. We model the income distribution for each country under a Dagum distribution assumption and using maximum likelihood techniques. We use parameter estimates to form distributions for regions defined as finite mixtures of the country distributions. Specifically, we study the groups of "new" and "old" countries depending on the year they joined the European Union. We provide formulae and estimates for the regional Gini coefficients and Lorenz curves and their decomposition for all the survey years from 2007 through 2011. Our estimates show that the "new" European Union countries have become richer and less unequal over the observed years, while the "old" ones have undergone a slight increase in inequality which is however not significant at conventional levels.
1 Introduction distribution in larger entities, in our case regions, can be obtained in a straightforward way. We exploit this in Section 4 below. The model parameters often also possess an economic interpretation, which allows to gain insights about the causes of the evolution of income distribution over time or interpret the differences between income distributions across countries (Brzeziński (2013) ). Explicit formulae are available for many poverty and inequality measures as functions of the parameters of the theoretical income distribution. Benefits of parametric models in terms of estimation stability are also put forward in Graf and Nedyalkova (2014) .
Specifically, the Dagum distribution has been used successfully for fitting data from various sources (Dagum (1977) ; García Pérez and Prieto Alaiz (2011); Kleiber and Kotz (2003) ). Dagum (1977) aimed to find a distribution that would capture the heavy tails present in wealth distributions as well as permitting interior modes, thereby outperforming the more classical Pareto and lognormal distributions. In a comprehensive empirical study involving 11 parametric models and 23 countries, Bandourian et al. (2003) observed that the Dagum distribution was the best-fitting three-parameter distribution in more than 80% of the cases. Kleiber (2008) provides further references on the empirical performance of the Dagum distribution. The distribution may sometimes be outperformed by a distribution with additional parameters such as the generalized beta distribution of the second kind (GB2), but the effect is often marginal (Bandourian et al. (2003) ) at the cost of introducing significant empirical and analytical complexity. Our analysis confirms the good performance and the tractability of the Dagum distribution for modeling income distributions.
The work is structured as follows. The EU-SILC data are described in Section 2. Section 3 collects some basic properties of the Dagum distribution, describes model fitting via maximum likelihood and bootstrap inference, and provides an assessment of goodness-of-fit. Also, in Section 3.3, we give analytical expressions for the regional Lorenz curves and Gini coefficients. Country-specific and regional results appear in Section 4. Finally, Section 5 provides concluding remarks.
Data
The EU-SILC provides nationally representative data on income, poverty, social exclusion and living conditions for all of the European countries. The EU-SILC survey for each country is provided to the statistical office of the European Union (Eurostat) by the relevant national statistical institutes which collect the data according to a common overarching methodology suggested by Eurostat. EU-SILC is the basis for calculation of commonly-agreed indicators on poverty and social inclusion in EU countries (Atkinson et al. (2017) ). EU-SILC data have also been used by academics for income modeling and inequality analysis across Europe (see e.g. Anderson et al. (2018) ; Aristei and Perugini (2010) ; Filauro (2017) ; Graf and Nedyalkova (2014) ; Longford et al. (2012) ; Tóth and Medgyesi (2011) ) and for examining poverty measures (e.g. Fabrizi et al. (2011); Jenkins and Van Kerm (2011) ).
We use EU-SILC cross-sectional survey data for the years 2007-2011. The income reference period is one year earlier than the year of the survey, since the total income collected in EU-SILC is the income for the calendar year previous to the interview (except for the UK and Ireland; see Appendix B). We model and compare the distributions of personal income for each of the European Union countries except Ireland (as it is not included in the EU-SILC 2011 survey), Malta (since it is not included in the EU-SILC 2007 and 2008 surveys) and Croatia (since it entered the European Union in 2013). Table 5 , in Appendix B, presents descriptive statistics for the 2011 data.
We focus on the equivalised disposable income computed in purchasing power parities and apply cross-sectional weights to account for population size. For more details on the variables used, see again Appendix B.
Section 4 below presents an analysis of European Union regions composed of "new" and "old" countries depending on the year they joined the European Union (after or before 2004). In Table 1 , we provide the so-defined "old" and "new" European Union countries along with country codes in brackets as given by Eurostat (2011) . Table 1 can be used as a reference for the "old" and "new" regions and their respective graphs and explanations provided later in this work. From now on, whenever we refer to the (whole) European Union in this work, we mean the countries listed in Table 1 
Methodology
This section describes the methodology which we applied for fitting the income data from EU-SILC using Dagum distributions. In Section 3.1, we provide some basic characteristics of the distribution. In Section 3.2, we explain how we employ the maximum likelihood approach for model fitting. Section 3.3 provides all the necessary components for regional analysis of income distribution and inequality with the Dagum distribution. It gives closed-form expressions for the regional densities, the regional Lorenz curves, the between-country and within-country Gini coefficients and explains how regional Gini coefficients were estimated. Finally, Section 3.4 describes a parametric bootstrap method that was used to obtain standard errors.
The Dagum distribution
The Dagum distribution is a three-parameter distribution, D(η), where η is the triple (a, b, p) . We use a parametrization of the Dagum distribution given in Kleiber and Kotz (2003) that slightly differs from the parameterization originally used in Dagum (1977) . Its density is
where a, b, and p are positive real numbers. When η is obvious from the context, we write only f (x). The cumulative distribution function can be written in closed form as
The quantile function can also be written in closed form as
The mean of the Dagum distribution equals
where Γ(p) is the gamma function. The Lorenz curve of the Dagum distribution is
where z = u 1/p and I z (p, q) is the incomplete beta function ratio defined as I z (p, q) = 1 B(p,q) z 0 u p−1 (1 − u) q−1 du, 0 ≤ z ≤ 1, with B(p, q) the beta function (Kleiber and Kotz (2003) ).
The Gini coefficient is
Estimation
We employ maximum likelihood to estimate the parameters of the distribution. To account for unequal sampling probabilities, we weight the likelihood by the cross-sectional weights provided with the data. Let N be the number of people in the given sample, x i the equivalised income of person i and w i the cross-sectional weight of person i. The weighted log-likelihood l(η), with η = (a, b, p), is
where f (x; η) is the Dagum density given in formula (1). We maximize the log-likelihood function l(η) with respect to the Dagum distribution parameters a, b, and p using the R programming language (R Core Team (2014)). For optimization, we use the nlminb function. The initial values a 0 , b 0 and p 0 for the parameters a, b, and p are a 0 = 2 and p 0 = 0.4 for all countries, whereas for each country b 0 is set to the mean income of the respective country.
Regional income distribution and inequality
Once we have estimated the three parameters of the Dagum distribution for each country, we form groups of countries and compute the regional income distribution and inequality for each region. This can be achieved by computing regional densities and distribution functions which are sums of the densities, or respectively distribution functions, of all countries in a given region weighted by their population sizes. Formally, given K countries each with parameter vector η k , k = 1, · · · , K, density functions f k (x) = f (x; η k ), and population shares π 1 , π 2 , · · · , π K , the regional density is given by )
with f k (x) as in equation (1). The regional cumulative distribution function is
with F k (x) = F (x; η k ) given in equation (2). The population shares π 1 , π 2 , · · · , π K are computed using the total population size (see Appendix B). The regional mean income is
with µ k as given in equation (4). The regional cumulative income shares ψ(x) are analogous to the ones given by Chotikapanich et al. (2012) for the beta-2 distribution. Here, for the Dagum distribution the cumulative income shares, ψ(x), are computed as
where I y (p, q) is the incomplete beta function ratio defined as above, now with y = (x/b) a 1+(x/b) a and µ as given in equation (10). To graphically represent inequality, we obtain Lorenz curves by plotting the regional cumulative income shares ψ(x) (given in equation (11)) against the regional cumulative shares of population F (x) (given in equation (9)). Finally, the regional Gini coefficient can be written as )
where µ is the regional mean income given in equation (10), F j (y) is the distribution function for country j given in equation (2), and f i (y) is the income density for country i given in equation (1). The integral appearing in equation (12) can be estimated numerically. We have split the integration into ranges and summed the results up, using the function integrate in R, which performs adaptive quadrature. The regional Gini coefficient can be decomposed into a within-country and a betweencountry component (along with an interaction term) to capture how much aggregate inequality is driven by income differences across countries and how much is driven by income differences within countries: G = G B + G W + I (see Lambert and Aronson (1993) ).
The first term G B captures how much differences in income between countries accounts for the aggregate inequality and is obtained if every income in every country is replaced with the mean income of the relevant country. We compute the betweencountry Gini coefficient G B as (Lambert and Aronson (1993) ; Chotikapanich et al. (2012) )
where µ i is the mean income for country i given in equation (4), and µ is the regional mean income given in equation (10). G W measures the contribution of within-country inequality and is obtained as a weighted sum of the Gini coefficients for all countries (see Chotikapanich et al. (2012) ; Lambert and Aronson (1993) )
the weights are the products of the population shares π j and income shares s j = π j µ j /µ, and G j is the Gini coefficient for country j given in equation (6). The interaction term I is the difference between the regional Gini coefficient and the between-country and the within-country Gini coefficients, namely I = G − G B − G W . I is zero if the income ranges for each country do not overlap. Recently, Anderson et al. (2018) used the interaction term to define a "non-segmentation factor". inary countries A and B. The total Gini coefficient, G, for countries A and B is twice the area between the diagonal line of perfect equality and the Lorenz curve which is the solid black curve on the plot. The between-country Gini coefficient is twice the area between the diagonal line of perfect equality and the perfect equality lines for countries A and B when all their citizens receive incomes equal to the mean income of the respective country. The within-country Gini components are twice the area between the betweencountry Gini components perfect equality lines and the Lorenz curves corresponding to the weighted Gini coefficients for each respective country. The interaction term is the residual to the total Gini coefficient, G; that is, it is twice the area between the Lorenz curves corresponding to the within-country Gini coefficients and the Lorenz curve corresponding to the total Gini coefficient (the yellow area on the plot).
Inference and goodness-of-fit
To obtain the standard errors of the distribution parameters, the Gini coefficients, the means and the medians as estimated with our model, we employ a parametric bootstrap. Following Efron and Tibshirani (1993) , we proceed as follows::
1. We draw 1, 000 samples of the same size as the original data from the parametric estimate of the population D(η).
2. We apply the maximum likelihood approach (see section 3.2) to each bootstrap sample and obtain the corresponding parametric estimatesη * (s), s = 1, · · · , 1, 000.
With these estimates, we compute the distribution parameters, the Gini coefficient, the mean and the median of each bootstrap sample.
3. We estimate the standard errors of the distribution parameters, the Gini coefficient, the mean and the median by the corresponding sample standard deviations of all the replications.
An increase of the number of bootstrap replications did not change the results appreciably. We compute the standard errors of the regional Gini coefficients analogously.
To investigate to what extent the observed microdata are consistent with a Dagum distribution, we assess goodness-of-fit in various ways. First, we employ the Kolmogorov-Smirnov test, which utilizes the discrepancy between the estimated theoretical distribution function and the empirical one (e.g., Stephens (1986)). Employing a parametric bootstrap, we perform the test as given in Cowell et al. (2015) . At the 1% significance level the null hypothesis that the sample comes from a Dagum distribution is not rejected for roughly a dozen countries per year.
Significance testing at conventional levels is perhaps not fully satisfactory for the sample sizes at hand. As a further check of goodness-of-fit, we look at the kernel density and the quantile-quantile plots of our estimates versus the empirical ones. First, the estimated Dagum density and a kernel density estimate are plotted. The kernel density is computed with the function locfit from the R package of the same name (Loader (2013) ) using the default settings, that is, a tricube kernel function and a nearest neighbour bandwidth covering 70% of the data (alpha = 0.7) as well as appropriate weights.
For each country, the density curves drawn using the estimated distribution parameters and the kernel density curves are very close to each other, which indicates a good model fit. Figure 2 shows the density plots for some of the observed countries (the choice of countries is detailed in Section 4 below, the parameter estimates for these countries are given in Table 2 ).
Quantile-quantile plots are shown for the same countries in Figure 3 .
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Theoretical quantilesversus the theoretical quantiles are plotted using only the percentiles of the microdata in order to avoid overplotting. There are moderate discrepancies only in the right tail of the distribution. For reasons of space not all combinations of years and countries are provided here. Table 2 provides the Dagum parameters for selected countries for the years 2007 and 2011, namely three "old" and three "new" European Union countries. (A complete list with all parameters for all observed years and countries can be found in Table  6 in Appendix C.) Here, the "old" EU is represented by Germany, France and the Netherlands. The "new" EU is represented by Hungary, Poland and Romania. Table 2 shows that the estimates of the national shape parameters a and p are fairly similar for both regions, whereas the estimates of the scale parameter b differ between the regions. From formula (4), the mean of the Dagum distribution, this reflects that "old" EU countries are typically much richer than "new" EU countries. With the estimated parameters for a, b and p, we can estimate the Gini coefficient, the mean, the median and the Lorenz curves according to the analytical expressions given in Section 3.1. Table 3 provides the parametric estimates next to the empirical estimates for all the considered countries for 2007 and 2011 along with standard errors (in brackets) estimated using a parametric bootstrap. The empirical estimates are directly computed with the unit record income data. The parametric estimates are generally very close to the estimates computed directly from the sample data. A complete list with the Gini coefficients, mean and median estimates for all the observed years and countries is available in Table 7 in Appendix C.
Results

Country-specific results
It is interesting to note that the "new" countries experienced a decrease in inequality from 2007 to 2010 (according to the estimated Gini coefficients), which was followed in 2011 by a slight increase in the inequality. Romania, for example, which is one of the newest European Union countries (Member State since 2007) had a Gini coefficient of 0.380 in 2007 which was continuously decreasing and reached the value 0.335 in 2011. On the other hand, the "old" European countries did not experience a significant change in their Gini coefficients or the respective inequality.
To enable comparison of the "new" and "old" Member States, in Figure 4 we have plotted the densities and the Lorenz curves for selected countries for the year 2011. It is obvious that the "old" countries have higher incomes than the "new" ones, but also more equal than the "new" ones. This can be seen in the Lorenz curve plots (see Figure 4b ) and is also shown by the estimated Gini coefficients and medians. 
Regional results
For the regional analysis, we compute the regional Gini coefficients and their withincountry and between-country components for each region and year as described in Section 3.3. Table 4 provides the estimates for the predefined regions along with standard errors (in brackets) estimated using the parametric bootstrap as explained in Section 3.4 but with 100 bootstrap replications due to time constraints. Note that the between-country, the within-country Gini coefficients and the interaction terms given in Table 4 sum up to the total regional Gini coefficients. The within-country component of the Gini coefficient is very small for all of the regions and the between-country Gini component is much larger for the "new" countries and the whole European Union than for the "old" ones, which can be also seen in the plots of the regional Lorenz curves. The inequality in the "old" European Union regions comes mainly from the interaction term which means that there is a large overlap in incomes. On the other hand, the interaction term is much smaller in the "new" European Union region, meaning that there is less of an overlap in incomes and higher between-country inequality. We can observe a decrease in the Gini coefficient from 2007 to 2011 in the "new" Member States, while for the "old" Member States, a slight increase is observed. Figure 5a shows the regional mixture density functions of the "new" European Union countries versus the "old" ones together with the mixture distribution for the whole European Union for the year 2007. Figure 5b shows the respective regional Lorenz curves. The "new" countries are more unequal than the "old" ones. The regional Lorenz curve for the whole European Union is almost identical with the regional Lorenz curve for the "new" countries, implying that the inequality in the European Union as a whole is almost the same as in the "new" countries, which is also confirmed by the regional Gini coefficients. Figure 6 shows the temporal changes in the regional densities and Lorenz curves for the whole European Union, the "old" region and the "new" region from 2007 to 2011. Additionally, in the Lorenz curves plots we have plotted the regional between-country Lorenz curves which reflect the inequality between countries for the given years. New EU Figure 6 : Changes in regional densities and Lorenz curves
The between-country inequality is much higher in the "new" region than in the "old" region. But we can observe a decrease in the between-country inequality in the "new" region and a decrease in the overall inequality from 2007 to 2011. On the other hand, for the "old" region there is a minor increase in the overall inequality, while the betweencountry inequality slightly decreased from 2007 to 2011.
Concluding remarks
We investigated the income distribution in the European Union as a whole and divided into a "new" and an "old" region for all the years from 2007 through 2011. We modeled the distribution parametrically as a finite mixture of country-specific distributions. The country-specific distributions were estimated using maximum likelihood techniques employing the Dagum distribution to EU-SILC microdata. Our estimates summarize the structure of the whole income distribution and inequality in just three parameters per country. The method performed well and led to results which agree well with the descriptive statistics of the microdata. Further, we estimated the regional Gini coefficients, the regional Lorenz curves and their decomposed counterparts.
Employing the above-mentioned technique to analyze EU-SILC income data, we found that there are still large differences in income distribution among the different European Union countries. The countries that joined more recently still have to catch up with the older Member States which have become fairly homogeneous over the years. Our results show that the "new" Member States are more unequal and less wealthy than the "old" ones. Moreover, we show that the inequality in the "new" countries contributes a lot to the inequality in the whole European Union. It is interesting to note that the years of the Great Recession impacted the "new" and the "old" Member States in a different way: The "new" Member States have become on average richer and more equal over recent years, while the "old" Member States have undergone a slight increase in inequality which however is not significant at conventional levels.
On the methodological side, our results confirm that the Dagum distribution provides an appropriate fit to the income distribution in the observed countries. Furthermore, we show how to model the regional distribution of income and inequality from country fits of the Dagum distribution parameters and provide the required formulae. -i-Martín, X. (2006) . The world distribution of income: Falling poverty and... convergence, period. The Quarterly Journal of Economics, 121 (2) 
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Appendices
A. Code
This appendix provides the R code used in this paper for estimating the Dagum distribution parameters a, b and p. 
B. Data definitions and preprocessing
In this appendix the survey data variables used in this work are explained and defined. In terms of variables, first we use the equivalised disposable household income (edhi) which is given in Euro for all countries. This is the variable HX090 in EU-SILC. The variable HX090 is defined as
where HY020 is the total disposable household income (defined below), HX050 is the equivalised household size (defined later), and HY025 is a within-household non-response inflation factor (explained below).
To make the income comparable across countries, we compute it in purchasing power parities (ppp) which together with the exchange rates (xrate) are provided by Eurostat. We take the ppps and the exchange rates from the file "PPP rates X-sectional from 06-01-2015" available in the UDB documentation on CIRCABC. For countries which are members of the Euro Area, we compute the income in ppps as edhi ppp = edhi/ppp, and for countries which are not members of the Euro Area as edhi ppp = (edhi*xrate)/ppp, defined as in Eurostat (2011a) . To account for population size, we use the household cross-sectional weight (DB090 in EU-SILC).
The EU-SILC cross-sectional surveys, except for the United Kingdom and Ireland, usually have the income reference period as the previous calendar year ( Atkinson and Marlier (2010) ). For the United Kingdom the income reference period is the current year and for Ireland it is the previous twelve months.
Next, we provide the definitions of the total disposable household income (HY020) and the equivalised household size (HX050) as given by Eurostat.
The total disposable household income (HY020) can be computed as (see Eurostat, 2011b):
• the sum for all household members of gross personal income components, namely gross employee cash or near cash income (PY010G), company car (PY021G), gross cash benefits or losses from self-employment (including royalties) (PY050G), pensions received from individual private plans (other than those covered under ESSPROS) (PY080G),
unemployment benefits (PY090G),
old-age benefits (PY100G),
survivor' benefits (PY110G),
sickness benefits (PY120G),
disability benefits (PY130G),
education-related allowances (PY140G);
• plus gross income components at household level, namely income from rental of a property or land (HY040G),
family/-children-related allowances (HY050G),
social exclusion not elsewhere classified (HY060G), housing allowances (HY070G),
regular inter-household cash transfers received (HY080G),
interests, dividends, profit from capital investments in unincorporated business (HY090G),
income received by people aged under 16 (HY110G);
• minus regular taxes on wealth (HY120G),
regular inter-household cash transfer paid (HY130G),
tax on income and social insurance contributions (HY140G).
The equivalised household size (HX050) is defined as (see Eurostat (2011a) ): HX050 = 1 + 0.5 * (HM 14+ -1) + 0.3 * HM 13− , with HM 14+ the number of household members aged 14 and over (at the end of the income reference period), HM 13− the number of household members aged 13 or less (at the end of the income reference period).
The within-household non-response inflation factor (HX025) is used to correct for partial unit or individual non-response. However, this applies on average only to 5 countries per year, namely Bulgaria, Germany, Greece, Portugal and Romania, with average non-response of around 1.28% within the EU-SILC 2007 -2011 surveys. For all other countries and individuals, HX025 = 1.
In Table 5 on the page 20, we provide descriptive statistics for one of the used EU-SILC data sets, namely "EUSILC UDB 2011 version 2 of August 2013". The descriptive statistics include sample and population size, and summary statistics for the income converted to purchasing power parities (ppps). The the average sample size is 7, 836, the average mean income is 15, 886 ppps, the smallest income is −318, 771 ppps for Luxembourg and the largest is 1, 535, 588 ppps for Finland. Note that the mean incomes are slightly different than the ones given in Table 7 since here the negative incomes are included. The population size of a country is computed as the sum of the product of the household size (HX040) and the household weight (DB090). 
C. Data sets and tables
The exact names of the data sets that we use in this In terms of variables, we use the equivalised disposable household income converted in purchasing power parities (for more details see Appendix B). For computational reasons, we set all negative income values to zero. In fact, there are very few zero and negative incomes in the EU-SILC 2007 -2011 surveys (the average is 0.32%) and they do not affect substantially the total income distribution.
In this appendix, we also provide tables with the estimated parametersâ,b andp for the Dagum distribution for the observed European countries and years (see Table 6 ) and the empirical and parametric Gini coefficients, means and medians (see Table 7 ). Table 6 lists the Dagum estimates for the a, b and p parameters for all the observed countries from 2007 to 2011 and their respective standard errors. Table 7 shows the empirical estimates for the Gini coefficient, the mean and the median and their parametric representations, estimated using the suggested parametric model along with standard errors. The empirical estimates given in the tables are computed in R with the EU-SILC microdata and the functions gini (R package reldist (Handcock (2015) ), weighted.mean (package stats) and wtd.quantile (type "i/n", package Hmisc (Harrell Jr et al. (2015)), respectively. Note that the mean and the median are given in purchasing power parities (ppp) (explained in Appendix A).
The standard errors of the parametric estimates were computed with a parametric bootstrap as explained in section 3.4. For Eurostat's official estimates of the Gini coefficients see Eurostat (2013) . 
